Introduction
For more than a century, forestry practitioners and decision makers have given significant attention to forest transportation planning because transportation is one of the most expensive activities in timber harvesting (Greulich, 2003) . The traditional goal of forest transportation planning has been to develop road networks that minimize costs of log hauling and road construction. However, modern forest transportation planning problems (FTPP) are not driven only by the financial aspects of timber management, but also by the multiple uses of roads as well as their social and environmental impacts such as recreation, soil erosion, and stream water quality. These additional considerations and requirements introduce multiple objectives into transportation planning problems, increasing their size and complexity. Two different problem-solving approaches have been applied to solve FTPP; exact algorithms such as mixed-integer programming (MIP) and approximation algorithms generally called heuristics (Falcao & Borges, 2001; Weintraub et al., 1995) . MIP has been used to optimally solve these complex FTPP, but its application has been limited by the difficulty of solving large, real world problems within a reasonable amount of computation time (Gottlieb & Paulmann, 1998; Sun et al., 1998) . On the other hand, heuristic algorithms, although might not always provide optimal solutions, have been the focus of a large number of researchers because of their high efficiency and problem solving capability especially for large and complex optimization problems (Olsson & Lohmander, 2005; Bettinger and Chung, 2004; Sessions et al., 2003; Zeki 2001; Falcao & Borges, 2001; Martell et al., 1998; Weintraub et al., 1995; Jones et al., 1991) . FTPP considering fixed and variable costs form complex optimization problems that to date have only been solved efficiently using heuristic approaches (Kowalski, 2005; Adlakha & Kowalski, 2003) . NETWORK II (Sessions, 1985) and NETWORK 2000 , which use a heuristic network algorithm combined with the shortest path algorithm (Dijkstra, 1959) , have been widely used for over twenty years to solve such FTPP. NETWORK 2000 can solve multi-period, multi-product, multi-origin and -destination transportation planning problems. However, it used a single objective function for either profit maximization or cost minimization without taking into account other attributes of road segments modeled as side constraints. A recently developed approach used the ant colony optimization (ACO) to solve FTPP considering fixed and variable costs as well as side constraints (Contreras et al., 2008) . This approach provided near-optimal solutions for www.intechopen.com Ant Colony Optimization -Methods and Applications 222 small to medium scale FTPP including road construction and hauling costs as well as total sediment yields from the road network as a side constraint. In this paper, we investigated two different problem formulation and solution approaches to handle multiple goals in large scale, real world FTPP. One is the single objective function approach where multiple goals are incorporated into one objective function (Rackley & Chung 2008) . The other approach is to formulate transportation problems using side constraints (Contreras et al., 2008) . We applied the two approaches to the Mica Creek watershed in northern Idaho in the United States where reducing environmental impacts of forest roads is considered as an additional goal and incorporated into a cost minimization FTPP. In this study, sediment delivery estimated by the USDA Forest Service WEPP: Road is used to represent the environmental impact of forest roads. A heuristic network algorithm implemented in NETWORK 2000 , and an Ant Colony Optimization algorithm (Contreras et al., 2008; were used to solve the two differently formulated FTPP. The results indicate that solving transportation problems with multiple goals enables us to analyze trade-offs between goals and generate alternative road networks that can reduce both transportation costs and negative environmental impacts.
Methods

Problem formulations
The specific FTPP we address in this paper is to find the set of least-cost routes from multiple timber sale locations to selected destination mills on multiple planning periods, while considering environmental impacts of forest roads represented by sediment yields. As with most transportation problems, these FTPP can be modeled as network problems. The transportation network is represented by a graph, where vertices represent mill locations, timber sale locations, and intersections of road segments, and edges represent the road segments connecting these vertices. Three attributes are associated with every edge in the network: fixed cost, variable cost, and amount of sediment delivery. A fixed cost is a one-time cost which occurs if the road segment is used regardless of traffic volume, whereas a variable cost is typically proportional to traffic or timber volume transported over the road segment. The sediment associated with each edge, expressed in tons per year per edge, represents the amount of sediment eroding from the road segment due to the traffic of heavy log trucks. Similar to fixed cost, we assumed sediment is produced when roads are open regardless of traffic volume.
Single objective function approach
The problem of finding the transportation routes that minimize both the total costs and sediment delivery can be formulated into one objective function as follows: specifies the objective function which is set to minimize variable and fixed transportation costs as well as the costs associated with sediment yields. The first three sets of constraints (Eqs. 2.1 through 2.3) are the conservation of flow constraints which ensure that all volume entering the road network is channeled through the network to the destination vertices (mill locations). Constraint set 2.1 applies to the set of origin vertices (timber sale locations), S, and ensures the sum of timber volume entering the network at vertex b plus the sum of volume transported to b from other vertices equals the sum of volume leaving vertex b. Constraint set 2.2 applies to the set of intermediate vertices (that are neither origin nor destination vertices), T, and ensures the sum of volume entering vertex b equals the sum of volume leaving that vertex. Constraint 2.3 applies to the destination vertices (mill locations), D, and specifies the sum of volume arriving at destination vertices equals the sum of the timber volume loaded onto the origin vertices, thus ensuring all volume that enters the road network is routed to the destination vertices. The fourth set of constraints (Eqs. 3) represents the road-trigger constraints which makes sure that if there is volume transported over edge ab, the edge must be constructed and open for traffic and thus the sediment amount is counted. Lastly, the fifth and sixth sets of constraints (Eqs. 4 and 5) represent the non-negativity and binary value constraints of our problem formulation, respectively.
Side constraint approach
The transportation problem mentioned above can be also formulated into the following objective function and side constraint.
Equation 6 represents the objective function set to minimize total variable and fixed transportation costs. In addition to the sets of constraints described above (Eqs. 2 through 5), equation 7 represents an additional constraint added to limit the maximum allowable sediment amount (allowable_sed) to be delivered from the entire road network in tons. The ninth set of constraints (Eqs. 8) represents the fixed cost-trigger constraints that ensure that if there is sediment being counted from edge ab (thus volume is being transported over edge ab) in one or more periods, the associated fixed cost is counted only the first time the edge is used. The last set of constraints represents the additional binary value constraints for this formulation.
Solution techniques 2.2.1 A heuristic network algorithm
NETWORK 2000 ) is used to solve the FTPP with the single objective function approach. NETWORK 2000 uses a heuristic network algorithm for optimizing transportation problems, which takes into account both fixed costs (road construction) and variable costs (timber hauling). Although the problem solving technique is based on a shortest path algorithm similar to that proposed by Dijkstra (1959) , it is different from the regular shortest path algorithm in that it iteratively applies the algorithm and at each iteration variable costs are recalculated based on fixed costs and estimated traffic volume over each edge. The process begins with sorting timber sales by time period and volume, then solving the shortest path problem and "tracking" on the fixed costs for each edge associated with the best variable cost solution. Timber volumes transported over each edge (vol ab ) are accumulated so at the end of the first iteration the sum of timber volumes (Σvol ab ) over each edge are available. Timber volumes for sales entering in the future are "discounted" to account for the discount rate. The variable cost for each edge (vc ab ) is then recalculated using Equation 9. The volume over all edges is then reset to zero and the next iteration starts. This process continues until the same or very similar solution is repeated for two consecutive iterations. To diversify the search, a negative value is substituted for each positive variable cost on edges not in the solution, such that vc ab < 0 for all edges with vol ab = 0. The solution procedure is then repeated until the solution re-stabilizes with each time an edge with a negative value (variable cost) is used, and its value returns to the original value. This process rapidly eliminates the substituted negative values while providing an additional opportunity to consider alternative edges.
where; rcv ab,p,i = recalculated discounted variable cost ($ per unit of timber volume) for edge ab in period p at iteration i
An Ant Colony Optimization (ACO) algorithm
The ACO is a metaheuristic approach for solving difficult combinatorial optimization problems (Dorigo & Stützle, 2003) . ACO algorithms are inspired by the observation of the foraging behavior of real ant colonies, and more specifically, by their ability to find shortest paths between food sources and the nest. When walking, ants deposit a chemical substance on the ground called pheromone, ultimately forming a pheromone trail. While an isolated ant moves essentially at random, an ant that encounters a previously laid pheromone trail can detect it and decide with a high probability to follow it, therefore reinforcing the trail with its own pheromone. This indirect form of communication is called autocatalytic behavior, which is characterized by a positive feedback, where the more ants following a trail, the more attractive that trail becomes for being followed (Maniezzo et al., 2005; . In this study, we used an ACO algorithm similar to that developed by Contreras et al. (2008) to solve FTPP considering a single planning period. The ACO algorithm uses a finite colony of artificial ants that concurrently move through adjacent vertices in a given road network, starting from each timber sale location until reaching the destination mills. Artificial ants selects where to move applying a stochastic transition policy that considers two parameters called trail intensity and visibility. Trail intensity refers to the amount of pheromone in the path, which indicates how proficient the move has been in the past, representing an a posteriori indication of the desirability of the move. Visibility is computed as a heuristic value indicating an a priori desirability of the move (Maniezzo et al., 2004) , such as costs and sediment amount associated with each edge. Therefore, moving through adjacent vertices, ants incrementally build a feasible solution to the optimization problem. Once an ant has found a solution, the algorithm evaluates the solution and deposits pheromone on the edges/vertices it used, proportionally to the goodness of the solution (Contreras et al., 2008) . In our ACO algorithm, once an ant is located on a given vertex, it decides what vertex to go next based on a transition probability for each adjacent edge calculated as follows:
where, ρ ab (c) indicates the transition probability with which an ant chooses the edge ab in iteration c; N is the set of edges sharing the same from-vertex a; and are the parameters that control the relative importance of the pheromone trail intensity (τ ab ) and the visibility (η ab ) values on edge ab. The visibility value is calculated according to the following equation (Eq. 11).
( )
Consequently, by combining equations 10 and 11, the resulting transition probability formula for a given edge is determined as follows: 
Based on the transition probability values of all edges in N, accumulated transition probabilities for each of these edges are computed. Then, a random number between zero and one is selected using a random number generator. If this random number is smaller than the accumulated transition probability of edge ab and larger than the accumulated transition probability of previous edge on the N list, then edge ab is selected. Starting with the first planning period, ants are located at a randomly selected timber sale. The ants incrementally build a route, from the timber sale until reaching the mill destination, moving through adjacent edges based on their transition probability (Eq. 12). When each ant has found a route for a given timber sale/mill destination, the route yielding the lowest fixed and variable costs is selected as the least-cost path. Thereafter, ants move to the next randomly selected timber sale to find the least-cost path. When all timber sales have been routed to their destination mills for the first period, ants move to randomly selected timber sales for the second period. When all second period timber sales have been routed, ants move to third period timber sales and so on. Once all timber sales for all planning periods have been routed, an iteration is completed and all the edges forming all least-cost paths (one for every timber sale-destination pair for each period) are identified, the objective function value is computed and the solution feasibility is evaluated. If the current solution is not better than the best found so far or is infeasible, the current solution is ignored, the pheromone trail intensities remain the same, and another iteration starts.
However, if the current solution is better than the best solution found so far, the current solution becomes the new best solution and the pheromone trail intensity of the edges forming all least-cost paths is updated. At the same time, pheromone intensity on all edges decreases (evaporates) in order to avoid unlimited accumulation of pheromone. Also pheromone evaporation avoids a too-rapid convergence of the algorithm towards a suboptimal solution, allowing the exploration of the solution space. Pheromone trail intensity is updated using the following equation (Eq. 13):
where two components are considered; the current pheromone trail intensity on edge ab at iteration c, indicated by τ ab (c), multiplied by 0 < λ < 1 which is a coefficient such that (1 -λ) represents the pheromone evaporation rate between iteration c and c + 1; and ∆τ ab which represents the newly added pheromone amount to edge ab, calculated as follows:
where, s is total number of timber sales, and k ab
Δτ is the quantity of pheromone laid on edge ab by the ants in iteration c; which is given by:
if the ants used edge ab in the k th least-cost path otherwise (15) where, Q is a constant and L k is the total transportation cost over the selected least-cost path. The value of Q has to be chosen so the amount of pheromone added to edge ab by a given ant slightly increases the probability of that edge during the following iterations.
Application
Study area
The study area is located within the Mica Creek watershed, which is part of the St. Joe River basin in Idaho, USA (Fig. 1) . Potlatch Forest Holdings, Inc. (Potlatch), a private timber company, owns and manages most of the watershed. The entire watershed is about 13,000 ha in size with 760 km of roads. The study area is situated in the upper part of the Mica Creek watershed and is 7,070 ha in size, which is about 54% of the entire watershed. There are 261 harvest units ranging from 1.4 ha to 182.3 ha in size, and approximately 407 log landings predetermined for timber harvesting (Fig. 2) . Landing locations were designated for each stand considering different logging methods (i.e., ground-based vs. cable logging) based on average ground slopes within stands. The total road length inside the study area is 342 km (Fig. 3) . Of these roads, 271 km is existing roads, while 71 km is proposed roads analyzed in this study for the future access to timber sale locations. Existing roads were classified into primary, secondary, and primitive roads by Potlatch based on road standards such as width, maximum grades, and design vehicle. The harvest schedule provided by Potlatch consisted of expected harvestable timber volume per product in each harvest unit, year of harvest, and destination mill. The harvest schedule from Potlatch for the Mica Creek watershed included 5-year plans for the next 30 years and 10-year plans afterward up to 70 years, resulting in a total of 10 planning periods. The total timber production from the 261 harvest units over the 70-year planning horizon is approximately 2 million cubic meters. In our analysis, we only considered two products, logs and pulp. St. Maries and Lewiston in Idaho, located about 45 and 100 km away from the study area were selected as the product destinations for logs and pulp respectively (See Fig. 1) . 
Estimating sediment yields using WEPP:ROAD
Developed by the USDA Forest Service, the WEPP:Road erosion model (Elliot et al., 1999) predicts runoff and surface erosion from a road segment, and the sediment yield to an adjacent stream channel. We used WEPP:Road to predict the mean annual sediment yield from the road surface per year (referred to as "road sediment"). WEPP:Road requires the following input data to predict road erosion: road segment length, width and gradient, surface soil texture, road design, road surface material including percent rock content, fill slope and length, buffer slope and length, and traffic level. To obtain road segment length and gradient from the GIS layers, we manually digitized the existing roads in the study area using a 1x1 meter LiDAR (Light Detection and Ranging)-derived intensity layer and a DEM (digital elevation model), while ensuring road features in a GIS map correctly represent actual road surface. The DEM was then used to estimate road gradients and identify high and low elevation points which are used along with road junctions to split roads into multiple road segments and locate sediment delivery points. A total of 5,906 delivery points were identified, of which 4,643 points were on existing roads, and 1,263 points were on proposed roads. After being split into multiple road segments by delivery points and road junctions, both existing and proposed roads in the study area were analyzed using WEPP to estimate the amount of sediment coming from each road segment. Road inventory data from Potlatch was used to obtain road width, surface (i.e., native, gravel, paved), design (i.e., in-sloped, out-sloped), and fill gradient (%). Fill length was estimated by computing the horizontal distance from road edge to the intersection point between the fill gradient line and the average cross-section slope obtained from the DEM. For buffer length, we used the Flow Direction function in the Spatial Analysis Tools in ArcMap to obtain the flow direction for each delivery point and then calculate the horizontal distance along the flow path from the delivery point to the nearest stream. A buffer slope was estimated using the elevation difference between the delivery point and the nearest stream. A soil map of the study area was used to identify three soil types in the study area: loam, silt load, and sandy loam. Rock fragment percentage was estimated as a function of road surface and ranged from 10 to 65%. A high traffic level was assumed for the primary roads, while a low traffic level was assumed for all the other road classes (i.e., secondary, primitive, and proposed).
Optimizing road networks using NETWORK 2000
All of the predicted amounts of road sediment produced from WEPP:Road were incorporated into environmental costs, which were further combined with actual transportation costs using the single objective function approach and analyzed in NETWORK 2000. NETWORK 2000 inputs require two data sets: link and sale data. Link data are arranged by road segments (edges). These segments are identified by a beginning and ending vertex, which in our study represents a high, delivery, or intersection point. Each edge in the road network has a variable cost (hauling cost), which is defined by a road class factor (ranging from $0.075 km -1 ·m -3 to $0.373 km -1 ·m -3 ) multiplied by the length of road segment. The variable cost units are set as dollar per unit volume in m 3 or thousand board feet (MBF) in this study. For proposed roads, a fixed cost is calculated and assigned using a construction cost of an assumed $15,500 km -1 multiplied by the road segment length, whereas zero construction cost is assigned to existing road segments. In addition, in order to include the environmental impact of each road segment in the model, the environmental cost was added to the fixed cost for each road segment as sediment yield (kg) from the road segment predicted by WEPP:Road multiplied by a cost factor. Two different cost factors ($2.2 and $55 per kilogram of sediment) were used in this study to analyze the effects of different weights on the optimal road network. The total road network consists of over 6,000 vertices and almost 10,000 road segments connecting all 407 log landing to the two selected mill destinations. Sale data were developed using the harvest schedules provided by Potlatch. Based on the 407 log landing located on the 261 harvest units and the 10 planning period, a total of 1,043 sales were generated. Sale data consists of timber sale id, destination mill, volume, and year of harvest for each timber sale. NETWORK 2000 was then run for the same harvest schedule for four different alternatives with the following objectives: minimizing transportation costs only without considering environmental costs, minimizing total costs including environmental costs as additional fixed costs (estimated $2.2 or $55 per kilogram of road sediment), and minimizing total road sediments without considering transportation costs.
Optimizing road networks using the ACO algorithm
The network problem described above was re-formulated using the side constraint approach. The ACO algorithm was then employed to solve four different alternative road networks with different sediment constraint levels. The following objectives were used to generate four alternative transportation problems: minimizing transportation costs only without any side constraints for road sediments, minimizing transportation costs with two increasing levels of sediment constraints, and minimizing total road sediments without considering transportation costs. For this application, we used similar ACO parameter values as those used in Contreras et al. (2008) . Due to the difference in problem size, we changed beta (importance of costs and sediment relative to pheromone amount) and lambda (pheromone persistence rate), and used a larger number of iterations (I max ). Alpha (relative importance of pheromone), Q (constant that controls the additional amount of pheromone) and q (initial amount of pheromone) remained the same (Table 1 ; For more descriptions of each parameter, see Contreras et al. 2008 
Results
The results of WEPP:Road show that the mean annual road sediment from the road segments within the study area is 336 tons per year. With an average road width of 3.6 m, the mean annual road erosion rate is calculated to be 2.73 tons per ha of road surface. Predicted road sediment is attributed to each road segment and plotted in Figure 4 . Table 2 summarizes the results of NETWORK 2000 and the ACO algorithm for the eight FTPP analyzed in this study. The four transportation problems formulated using the single objective function approach and solved using NETWORK 2000 show that the total amount of sediment decreases and the total transportation costs increase as the sediment goal is more heavily weighed. Compared with the cost minimization problem, the sediment minimization problem has a 40% cost increase, but the total sediment decreases by 34%. Similar results are found in the solution of the four transportation problems formulated using the side constraint approach and solved by the ACO algorithm. Transportation costs range from $15.8 to $25.5 per MBF in the cost and sediment minimization solutions, respectively, while the amount of sediment ranges between 306 and 445 tons. Total transportation costs increase and total sediment amounts decrease as the restriction level of sediment constraint increases ( Table 2) . The most cost-efficient transportation solution was found by NETWORK 2000, where the total transportation cost is $6,654,716. The ACO solution for the same problem (cost minimization) has a slightly higher total transportation cost of about 0.07%. In addition, the solutions from NETWORK 2000 and the ACO algorithm have the similar amount of total road sediments. For the sediment minimization problem, NETWORK 2000 also found a slightly better solution than the ACO algorithm. By producing only 294. Table 2 . Results of the eight transportation problems analyzed in this study.
the NETWORK 2000 solution becomes the least road sediment solution among the eight network alternatives. Direct comparisons between solutions from the transportation problems with environmental costs (single objective function) and the cost minimization problems with sediment constraints are not appropriate. However, their results are consistent with the trend of higher transportation costs associated with solutions yielding lower sediments amounts.
Concluding remarks
Negative impacts of forest roads on the environment are often recognized, but these impacts are rarely incorporated into the economic analyses of forest transportation planning. This is partially due to lack of analytical methods and tools that are able to directly integrate environmental impacts into decision making for road and transportation networks. In this study, we investigated two problem formulation and solution approaches to incorporate road sediment into the economics of forest transportation planning.
The single objective function approach is relatively simple, and the existing transportation planning tools that were developed to minimize transportation costs, such as NETWORK 2000, can be used without modifications. However, it is a challenge to put a price on environmental impacts and select an appropriate environmental cost factor for predicted sediment yields. The second approach with side constraints can avoid this problem, but it may require more complex problem formulation and solution techniques, as well as a large solution time, to provide good quality solutions. Both NETWORK2000 and the ACO algorithm are based on heuristic solution techniques. Unlike MIP, such heuristic techniques do not guarantee the solution optimality, but they can be applied to large, real world transportation planning problems and provide feasible solutions in a reasonable amount of solution time. In addition, the problem formulation approaches and solution tools used in this study can be easily expanded to incorporate other environmental impacts into forest transportation planning. These tools can provide forest managers with environment-friendly road network alternatives that help them make informed decisions for their road management and planning. Further development of the ACO algorithm is suggested to enhance its performance and applicability as a generalized approach for solving large scale, real world FTPP with side constraints. First, the road attributes used to evaluate the transition probability associated with each edge could be standardized to a mean of zero and a variance of one. This would avoid the differences in magnitude of the attribute values affecting the evaluation of transition probability. Consequently a more homogenous weight can be given to each road attribute when predicting the goodness of a road segment in the solution. Lastly, as the solution quality is heavily dependent on the fine tuning of the algorithm parameter values, the incorporation of a sub-routine that dynamically determines the best parameter values during running time based on the problem size and range of road attribute values may be essential for facilitating the use of the ACO algorithm.
